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ABSTRACT
The soil microbiome is an essential component of ecosystem productivity. In agricultural
systems, the soil microbiome significantly impacts plant health and the subsequent yield and
productivity of those systems. Due to increasing demands on the food supply and the many
challenges posed by climate change, soil fertility loss, and plant pathogens, modern agricultural
systems often employ the use of chemical fertilizers and pesticides that can have detrimental
effects on human health and the environment. These chemicals also significantly affect soil
microbiomes, and although the extent of these effects are still unknown, changes in diversity or
functionality of plant associated microbiomes may negatively affect agricultural production in
ways that we do not fully understand.
“Modern agricultural systems” is a very broad term – it can range from conventionally
managed monocultures to small organic diversified systems to controlled-environment
agriculture in greenhouses. Each system is managed with different practices – till or no till,
inorganic fertilizers or organic fertilizers, pesticides, herbicides, biocontrol agents, etc. All these
practices affect the soil microbiome. Despite a proliferation of studies comparing soil
microbiome composition between managed and conventional systems, till and no till, and
agricultural systems to nearby natural systems, the comparison of managed systems to
abandoned agricultural systems has received less attention. Abandoned systems that contain the
original agricultural crop offer a rare opportunity to study microbiomes after they have been
released from the pressures of agriculture without the confounding effects of changing in the host
plant, since plant associated microbes are often host specific. New Hampshire is full of small
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apple orchards, many of which were abandoned in the last 10-20 years as regional and national
markets changed. When compared with orchards that still remain active in the small
geographical area of Hillsborough County NH, these abandoned sites offer an opportunity to
study how soil microbiomes are influenced by agricultural practices.
The objectives of this study were to: (1) Compare abandoned and managed orchard soil
microbiome composition and diversity using amplicon sequencing of prokaryotes and fungi
(using 16S and ITS marker genes), and (2) study microbiome function as it relates to plant
resilience to stress, by developing a high throughput radish damping-off microcosm assay to test
the disease suppressiveness of microbial slurries from different orchard types. I hypothesized
that the soil microbiomes would be different in terms of composition, richness, and evenness
between managed and abandoned sites (Chapter 2) and that soil microbes from abandoned
orchards would enhance plant growth and reduce soilborne plant disease severity compared to
microbes collected from managed orchards (Chapter 3).
For objective one, I found that for both prokaryote and fungal communities, beta
diversity was significantly different between managed and abandoned orchards (p<0.001).
Shannon diversity and Faith’s phylogenic diversity scores were generally higher in managed
sites in the prokaryotic communities, but in fungal communities, none of the alpha diversity
metrics were different between the two types of orchards. These results supported my
hypothesis that the microbial communities were different between the managed and
abandoned orchards, especially in terms of beta diversity metrics.
For objective two, I found that microbial slurries from abandoned orchards significantly
improved seedling emergence counts compared to the water controls (p=0.0126), and the
abandoned slurries tended to have higher emergence counts than the slurries from managed
x

orchards (p=0.11). Disease severity and biomass were not affected by slurry type. However,
this could have been due to disease pressure being too severe and problems with the disease scale
used to score disease severity in the seedlings. These results partially support my hypothesis
that microbes from abandoned sites would reduce disease severity (in terms of successful
emergence), but there was no significant effect on plant growth (as determined by biomass
measurements). The soil microbiomes in abandoned orchards appear to be more disease
suppressive to R. solani than the soils from managed orchards, though the mechanism of
suppression is still unknown. This study is the first to indicated that abandoned orchards may be
more disease suppressive than managed orchards, however, additional studies with more sample
sites and different pathogens are required to confirm my preliminary findings.
This research adds to the limited pool of literature regarding abandoned agroecosystems
and provides evidence that management, or the lack thereof, effects soil microbiomes in such a
way that it can have consequences for plant heath and productivity. Understanding more about
the functionality of the soil microbiome in these systems will lead to new insights and ideas for
utilizing the soil microbiome in future agricultural practices.
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CHAPTER 1: INTRODUCTION

Soil is something that we interact with in some way every single day. With the naked eye we
can see its many different components and organisms that call it home. What we cannot see are
the microbial members - the bacteria, fungi, protests, viruses, and other microorganisms that live
in relative obscurity under our feet (Fierer, 2017). What they lack in visibility they make up for
in functionality – soil microbes have been shown to be involved in important biogeochemical
processes like nutrient cycling and decomposition (Barrios, 2007; Coleman, Callaham, &
Crossley, 2017), modifying soil structure (Six, Elliott, Paustian, & Doran, 1998), and interacting
with plants in natural and agricultural settings. While there is a plethora of soil microbes that are
pathogenic towards plants, there is another larger subset that interacts in beneficial or commensal
ways with plants (Berendsen, Pieterse, & Bakker, 2012; Mendes et al., 2011). Using these plant
beneficial microbes in agriculture is a promising way to make current agricultural practices more
ecologically friendly and sustainable but the intricacies of these interactions and the many factors
that come into play are still not well understood (Berg, 2009). Functional studies of microbes are
inherently difficult, but new technologies and techniques are allowing progress in this area
(Jansson & Hofmockel, 2018; Sergaki et al., 2018). This study seeks to add to the ever-growing
knowledge base focused on soil microbial function in the agricultural realm: first, by comparing
the soil microbiomes found in managed and abandoned apple orchards, and then by studying
how they confer resilience to stress in a microcosm assay.
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Plant-associated microbes, especially those in the rhizosphere soil, can have such profound
effects on plant health that they are sometimes referred to as the plant’s “second genome”
(Berendsen et al., 2012). Plants actively and passively recruit microbes for many different
reasons (Besserer et al., 2006; Rudrappa, Czymmek, Paré, & Bais, 2008). For example, plants
will release compounds to not only attract mycorrhizal fungi but also to encourage the fungi to
branch out and rapidly colonize the plant roots (Besserer et al., 2006). Plant growth promoting
rhizobacteria like Rhziobium spp can be attracted by chemotactic signals excreted by the plants
(Barbour, Hattermann, & Stacey, 1991) to colonize plant roots, form nodules, and fix nitrogen
that can then be utilized by the host plant (Van Rhijn & Vanderleyden, 1995).
But not all microbes are welcome conspirators – plants and plant pathogens have always been
in a coevolutionary “arms race”, in which plants aim to avoid infection and pathogens attempt to
overcome or evade plant defenses (Anderson et al., 2010). While plants have many of their own
physical and temporal defenses against pathogens (Ferreira et al., 2007), associations with nonpathogenic microbes can play a large role in protecting plant health. It is hard to quantify the
exact economic loss that plant pathogens cause globally, but apart from initial losses in yield,
they can affect the remaining harvest quality, product safety, and cause a chain reaction of
problems down the producer-to-consumer line (Savary, Ficke, Aubertot, & Hollier, 2012).
Current agricultural practices often use large amounts of chemical products such as pesticides,
fungicides, and antibiotics to control pathogens, and while they can be very effective, they come
at economic and environmental cost (Gunnell et al. 2007; Leach and Mumford 2008). In
addition, many different pathogens have been shown to develop resistance to chemical controls
rendering them useless in a matter of years (Brent & Hollomon, 1998). Other methods of disease
control can involve the use of preventative cultural practices and crop breeding for resistance.
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Plant breeders are constantly developing new disease resistant varieties, but depending on the
mechanism of resistance, they can also be overcome by rapidly evolving pathogens (McDonald
& Linde, 2002) and the development of genetically modified disease resistant crops remains
controversial (Wisniewski, Frangne, Massonneau, & Dumas, 2002). Increasing populations and
demands on the food supply require the effective control of plant pathogens, but many of the
tools in the current toolbox are outdated and new methods of disease control are required (Zhan,
Thrall, & Burdon, 2014).
Bringing together plant disease control and beneficial microbes in agriculture, the use of
suppressive soils has been explored to better understand how we can manage disease in
agricultural systems in a more sustainable way (Busby et al., 2017). Suppressive soils were first
observed in Australia, where there was a significant decline in disease severity of take-all of
wheat following a severe outbreak the year before (Weller, Raaijmakers, McSpadden Gardener,
& Thomashow, 2002). Since then, this phenomenon has been observed in many different
agricultural systems (Kwak & Weller, 2013) and has been directly attributed to the soil
microbiome (Schlatter, Kinkel, Thomashow, Weller, & Paulitz, 2017; Weller et al., 2002). The
combined microbial activity inhibits the growth and severity of diseases caused by plant
pathogens (Cook, 1983). Suppressive soils are categorized into two categories – general or
specific – but these are not mutually exclusive and can occur at the same time (Cook, 1983).
General suppression can attributed to the overall microbial activity and biomass in the soil
(Cook, 1983; Weller et al., 2002) while specific suppression is attributed to a single organism or
group of organisms (Cook & Rovira, 1976; Stutz, 1986; Wiseman, Neate, Keller, & Smith,
1996). General suppression has been shown to be more effective against plant pathogens that are
poor competitors in the soil, such as Pythium spp. (Chen, 1988; Whipps & Lumsden, 1991),
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while specific suppression can be used to combat the more competitive pathogens like
Rhizoctonia solani, the model plant pathogen used in this study.
R. solani is a soil borne basidiomycete plant pathogen that has an very wide host range
that includes economically important crops like maize and rice to soybeans, tobacco, coffee and
cotton (Ajayi-Oyetunde & Bradley, 2018). The fungus can affect plants at different life stages
but is often most severe at the early seedling stage, causing seedling damping off and other
symptoms like root and stem rot and stem cankers (Agrios, 1997). R. solani exists in the soil as
either mycelium or as overwintering structures known as sclerotia. Once it is established in a
field it can be extremely difficult to control without incorporating crop rotations or soil
fumigation. The best cultural practices employed against R. solani include planting of disease
free seed in well drained and aerated soil (Agrios, 1997). R. solani is not well-controlled by
fungicides but has shown sensitivity to a few biocontrol agents. Several bacterial biocontrol
agents (Cheng, Yang, & Peng, 2012; Nagarajkumar, Bhaskaran, & Velazhahan, 2004) and fungal
Trichoderma species are antagonistic towards R. solani (Chet, Harman, & Baker, 1981; Elad,
1980; Melo & Faull, 2000). Also, hypovirulence-conferring mycoviruses (Liu, Lakshman, &
Tavantzis, 2003; Zheng, Zhang, Chen, Zhu, & Zhou, 2014) have shown promise for management
of R. solani induced diseases. There have also been discoveries of soils that are naturally
suppressive to R. solani (Garbeva, Postma, Van Veen, & Van Elsas, 2006; Hayden, Rochfort,
Ezernieks, Savin, & Mele, 2019; Hayden, Savin, Wadeson, Gupta, & Mele, 2018). The
susceptibility of R. solani to biocontrol agents and specifically suppressive soils makes it a good
candidate to study the potential suppressiveness of unknown soil microbiomes.
The methods used to study microbes have improved drastically over time, and at an
exponential pace in the last few decades (Hugerth & Andersson, 2017). Using culture
4

independent molecular techniques like amplicon sequencing to identify microbes in
environmental samples (Lozupone & Knight, 2007) is a common technique used in many
different disciplines, including soil ecology. Amplicon sequencing uses PCR-dependent methods
to target highly conserved rRNA genes in Prokaryotic (16S subunits) and fungal communities
(ITS, internal transcribes spacer region) (Lundberg, Yourstone, Mieczkowski, Jones, & Dangl,
2013). The integration of amplicon sequencing with affordable and accessible sequencing
methods like the Illumina Hiseq and Miseq platforms (Caporaso et al., 2012) has led to an
explosion of data from ecosystems across the globe. The Earth Microbiome project (EMP,
http://www.earthmicrobiome. org) was launched in 2010 in an attempt to standardize data
collection and analysis of this amplicon sequencing data to contribute to a better understanding
of microbial diversity and function on a global scale (Thompson et al., 2017). This study
followed EMP protocols for the microbiome analysis described in Chapter 2. Once amplicon
data has been sequenced, there are many different bioinformatic pipelines and programs than can
be used analyze it, each with their own benefits and limitations (Prodan et al., 2020). This study
used QIIME2 (Bolyen et al., 2019), but other common options include MOTHUR (Schloss et al.,
2009) and USEARCH (Edgar, 2010). For taxonomic analysis, there are many publicly available
databases, each with their own benefits and drawbacks. With the speed at which amplicon
sequencing data is being produced and improved upon, it can be difficult to keep databases up to
date (Park & Won, 2018). For 16S/18S data, the three main data bases used for taxonomic
identification are Greengenes (D. McDonald et al., 2012), SILVA (Quast et al., 2013), and
EZbioCloud (Yoon et al., 2017). For ITS (Fungal) taxonomic classification, the UNITE (Nilsson
et al., 2019) database the most commonly used source. From this point, there are many different
options to explore the microbial community composition and diversity, based on the parameters
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of the specific study and question being asked (Hugerth & Andersson, 2017). It is important to
remember that amplicon sequencing answers the question of “who is there” and does not
necessarily explain the function of the identified microbes in the soil. It can be used to identify
functional genes (Robinson, Warris, Schijlen, Wezel, & Raaijmakers, 2021) in suppressive soils,
which then must be combined with a stronger functional analysis like metagenomic studies to
infer the function of those genes or sets of genes in a soil sample. Amplicon sequencing can also
be related to function by running it alongside functional field or microcosm studies, which will
be addressed in the next section and Chapter 3.
Bacterial and fungal communities are a major component of terrestrial soil microbiomes,
and exert a lot of influence over soil biomass, biodiversity, and a host of other soil processes
(Bardgett and Putten, 2015). As previously mentioned, at any given time the soil microbiome is
facing selective pressures from plants, insects, and abiotic soil characteristics – all of which can
affect the diversity and functional roles within that microbial community (Bahram et al., 2018).
Additionally, microbe-microbe interactions influence the microbiome structure and function
(Bakker, Schlatter, Otto-Hanson, & Kinkel, 2014). The notion that shifting community dynamics
– like the loss or gain of community diversity - would affect microbial ecosystem functioning is
supported by many studies (Philippot et al., 2013), however, there has also been evidence of
functional redundancy in soil microbiomes (Loreau, 2004). Functional redundancy occurs when
different species perform the same functional role as others, so a change in species diversity will
not affect the ecosystem services provided in the microbes in the soil (Lawton & Brown, 1993).
The literature is still divided on the prevalence of functional redundancy (Loreau, 2004 and
Rosenfeld, 2002), but it does complicate how functionality is assigned to microbes in the soil.
Functional and biogeographical studies of microbes are often limited to the study of one
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organism or groups of organisms interacting with one abiotic or biotic factor, and studies of
function on a larger scale are nearly impossible to carry out (Bahram et al., 2018). While there
have been many different studies concerning community composition and function, combining
them all into a meta-analysis can be difficult, and plagued by changes in sampling methodology
and bioinformatics analysis between the studies (Ramirez et al., 2018).
Metagenomic analysis can be used to identify functional genes in a community, but this
method is very expensive and when the number of known functional genes in soil samples is
compared to those known in gut and aquatic environments, it is evident that soil functional genes
are vastly under sampled and unidentified (Bahram et al., 2018). While metagenomic databases
can only improve over time with more functional studies, in the meantime, there are other
methods that can be used to study microbial function. Microcosms are artificial ecosystems that
simulate the behavior of natural ecosystems under controlled conditions (Roeselers, Zippel,
Staal, Van Loosdrecht, & Muyzer, 2006) that allow researchers to reduce variation and control
for specific variables to more accurately test their hypotheses about the original more
complicated study system (Moore et al., 2016). Microcosms have been used extensively in soil
ecology and soil microbiome research to learn more about plant-microbe interactions and the
roles microbes or groups of microbes play in helping plants or ecosystems respond to stress and
disturbances (Castaldini et al., 2005; Moore et al., 2016). For example, microcosms have been
used to study topics like the effects that common herbicides have on soil microbiomes (Zabaloy,
Gómez, Garland, & Gómez, 2012), how different plant matter decomposition effects soil
microbiomes (Nicolardot et al., 2007), how different soil microbiome diversity influence plant
growth (Bonkowski & Roy, 2005), and the efficacy of microbial biocontrol agents against plant
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pathogens (Schmidt et al., 2004). Soil microcosms were used in Chapter 3 to test the different
orchard microbiomes in a radish-R. solani pathosystem.
The soil microbiome is an important component of agroecosystems (Toju et al., 2018),
and failing to consider the importance of beneficial microbial interactions in agriculture could
negatively affect plant health and crop yield (Toju et al., 2018; Vacheron et al., 2013). Practices
like cover cropping with legumes (Van Rhijn & Vanderleyden, 1995), incorporating mycorrhizae
into soil and seed mixtures, the use of biopesticides, and promotion of suppressive soils for
disease control are examples of how microbes are currently used in agriculture. The more we
learn about how agricultural practices and inputs effect soil microbiome composition and
function, the more we will be able use microbes to our advantage. Many different agricultural
practices have been shown to alter soil microbiomes (Garciá-Orenes et al., 2013; Jangid et al.,
2008; Montanaro et al. 2017). Fertilizer —both inorganic and organic forms—affect microbial
communities in the soil, directly by changing nutrient in the soil that the microbes utilize or
indirectly by influencing plant growth, and subsequent rhizosphere soil community assembly
(Bell et al., 2015, Tao et al., 2017, Martin et al., 2015). Tillage practices have significant adverse
effects on fungal biomass and diversity in the soil (Frey, Elliott, & Paustian, 1999), as well as
bacterial communities (Degrune et al., 2017). Organically managed systems tend to have higher
species richness and abundance than conventionally managed systems (Bengtsson et al., 2005;
Hartmann et al., 2015; Lupatini et al, 2017). Bear in mind that changes in species composition
do not necessarily imply changes in microbial function (Lupatini et al., 2017) as it relates to plant
health. While there are many different studies comparing different types of managed
agroecosystems to each other, and a smaller but still substantial set of studies comparing the soil
microbiomes of managed and natural ecosystems to each other, an area that has received little
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attention is the comparison of managed to abandoned agroecosystems. Specifically, abandoned
ecosystems where the agricultural crop species is still present, as host specificity can play an
important role in rhizosphere assembly (Bakker et al., 2014). The few studies that have
investigated this focused on olive trees (Aranda, Montes-Borrego, Jiménez-Díaz, & Landa,
2011), almond groves (Zornoza et al., 2009), and blueberries (Yurgel et al., 2017). New
Hampshire was once full of many small commercially managed apple orchards, but as the
markets shifted many of these orchards were abandoned, offering a useful study group to
increase our knowledge concerning how microbial communities change over time When human
interventions are removed.
There is still much to learn about agricultural soil microbiomes, and even more so about
the composition of abandoned agroecosystem soil microbiomes. My goal was to address this gap
by studying managed and abandoned apple orchard soil microbiomes. My objectives were to:
(1) Compare abandoned and managed orchard soil microbiome composition and
diversity using amplicon sequencing of prokaryotes and fungi (using 16S and ITS marker
genes).
(2) study microbiome function as it relates to plant resilience to stress, by developing a
high throughput radish damping-off microcosm assay to test the disease suppressiveness
of microbial slurries from different orchard types.
I hypothesized that the soil microbiomes would have different composition, richness, and
evenness between managed and abandoned sites (Chapter 2), and that soil microbiomes from
abandoned orchards would enhance plant growth and reduce soilborne plant disease severity
compared to microbes collected from managed orchards and water controls (Chapter 3).
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CHAPTER 2: SOIL MICROBIOMES IN ABANDONED AND MANAGED ORCHARDS
IN NEW HAMPSHIRE

1. INTRODUCTION
Modern agriculture must successfully produce quality products at a high enough yield to
meet the needs of the global food and fiber system while ensuring grower profit. Due to a range
of factors (including climactic events, rising temperatures, reduced soil fertility and plant
pathogens and pests) this can be a complex task that involves the use of chemical inputs like
fertilizers, herbicides, pesticides, and growth regulators (Jeschke, 2016; Lamberth, Jeanmart,
Luksch, & Plant, 2013). While these chemicals are regulated for human safety standards, one
aspect that is often overlooked is the effect these chemicals have on soil and plant associated
microorganisms (Jacobsen & Hjelmsø, 2014), which collectively are referred to as the
microbiome. Additionally, cultural practices such as tillage are known to influence soil
microbiomes and their ecosystem functioning (Mathew et al., 2012). Soil microbiomes play an
important role in promoting plant health in natural and agricultural systems (Berendsen et al.,
2012; Mendes et al., 2013) and it is widely recognized that the future of sustainable agriculture
will increasingly rely on a microbiome approach (in conjunction with chemical inputs) to
promote soil health and create agricultural ecosystems that are resilient to stress (Busby et al.,
2017; Schlaeppi & Bulgarelli, 2015). However, agricultural land management practices have
been shown to alter soil properties and plant-associated microbiomes in several cropping systems
(Garciá-Orenes et al., 2013; Jangid et al., 2008; Montanaro et al., 2017). To successfully utilize
microbiomes as part of a next generation agriculture approach, more information is
10

needed on microbial community composition and function across different agricultural
production systems.
A meta-analysis conducted by Trivedi and colleagues (2016) revealed differences in soil
health and microbial communities across agricultural and non-agricultural land. They reported
that microbial diversity increased significantly in agricultural systems in arid and temperate
regions. They hypothesized that low nutrient availability in natural systems may limit microbial
communities and fertilizer inputs in agricultural systems may result in new species recruitment
from the regional pools. While local diversity of soil bacteria increases when natural land is
converted to agricultural production, communities become more similar over time which
ultimately results in microbial biodiversity loss (Trivedi et al., 2016). A study conducted by
Jangid and colleagues (2008) found that the bacterial soil microbiomes in three agricultural
systems (tilled crops, hayed pasture and grazed pasture) under two different fertilizer schemes
were significantly different from nearby natural soil microbiomes. The addition of fertilizer
(both inorganic and organic) had a much greater effect on the community composition than the
land use or season collected (Jangid et al., 2008). Several studies have compared organic and
conventionally managed systems and found that organic systems tend to have greater species
richness and abundance (Bengtsson et al., 2005; Hartmann et al., 2015; Lupatini et al., 2017). In
a study comparing organically and conventionally managed commercial olive groves, MontesBorrego and colleagues (2013) found that the organic groves had higher microbial diversity as
well as higher soil quality metrics, in terms of soil organic matter, organic carbon and nitrogen,
and the C:N ratio (Montes-Borrego, Navas-Cortés, & Landa, 2013). While Lupatini and
colleagues (2017) found that organically managed soils had more heterogenous microbial
communities than conventionally managed soils, they brought up the idea that there is still much
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to learn about the function of the different groups of microbes in the soil – just because the
communities look different from a diversity standpoint, does not necessarily mean that there is a
loss or gain of function in the community (Lupatini et al., 2017).
There is little research comparing the soil microbiomes of managed and abandoned
agricultural ecosystems, and even fewer studies concerning the microbiomes of woody plant
species such as Malus spp. New Hampshire contains many commercially managed apple
orchards, that have been abandoned as the markets changed. Many of these orchards have been
observed to contain surprisingly healthy trees, with low levels of disease that are still producing
fruit despite the lack of chemical and cultural interventions. These observations could be due to
differences in the soil microbiome composition between managed and abandoned orchards.
Comparison of agricultural and abandoned agricultural land offers a unique system to understand
how communities change when human inputs and manipulation are removed. In fact, abandoned
systems may be a better comparator to study effects of land management than natural systems
that have never been converted to intensive crop production.
Montes-Borrego and colleagues (2015) found that feral (abandoned) olive groves had
higher levels of enzymatic activity than organic and conventionally managed groves. Analysis
of the rhizosphere and endospheric communities of wild olives led to the identification of several
strains of bacteria that were antagonistic towards the plant pathogen Verticillium dahlia,
indicating that the wild relatives could be used as a source of novel biocontrol agents A study
comparing the rhizosphere microbiomes of cultivated and endemic wild blueberry populations
found that the microbial communities were different between the two sites, and that eukaryotic
populations were the most heavily correlated with soil fertility metrics, while bacterial
populations were the most strongly affected by the plant (Yurgel et al., 2017). In a comparison
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of managed and abandoned almond groves, it was found that the difference in microbial biomass
and richness could not be explained by different physical and chemical soil properties, and the
researchers hypothesized that these difference could be explained by the loss of tillage and
changes in vegetation in the abandoned sites (Zornoza et al., 2009). This highlights the
complexity of effects that agricultural management, and eventual abandonment, can have on the
different components of the soil microbiome, and why much more research is needed to
understand these interactions.
There is still much to learn about agricultural soil microbiomes, and even more so about
the composition of abandoned agroecosystem soil microbiomes. The goal of this study was to
compare soil microbiome composition between a set of managed and abandoned orchards in
New Hampshire using marker gene analysis. We hypothesized that the soil microbiomes would
be different in terms of composition, richness, and evenness between managed and abandoned
sites. Fungal (ITS) and bacterial (16S) marker gene analysis (amplicon sequencing) were used
for the analysis and compared to physiochemical properties of the soils collected at each site.

2. METHODS

2.1 Study Sites
To investigate the effects of land management history on soil microbiome composition, seven
orchards were sampled representing two management types: abandoned and managed (Table 2.1)
cropped with several of the same cultivars. All sites were in Hillsborough County New
Hampshire. Permission to access and sample sites was obtained by UNH Extension specialist,
George Hamilton. Abandoned sites (A1- A3) were defined as sites that had previously been
managed but left feral for at least five years (this included no mowing or bushwhacking, no
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pruning of the trees, and no fungicide, antibiotic, herbicide, or fertilizer applications). As a
result, abandoned sites were overgrown with other vegetation (Figure 2.1). Trees at the
abandoned sites were grafted onto rootstocks. Managed sites (M1-M4) were all conventionally
managed (did not have organic certification) using methods such as pruning, spraying, and
mowing were to maintain the orchards, and fruit was actively being harvested for sale. Managed
site M1 consisted of three scion varieties grafted onto the dwarfing rootstock Bud 9 and trees
were growing on a trellising system. Managed sites M2-M4 consisted of Macintosh scion grafted
onto a standard rootstock. The managed sites were not pick-your-own orchards – they were
harvested professionally for wholesale purposes.

Figure 2. 1 New Hampshire study sites. This figure depicts three abandoned orchards (A1, A2, and A3)
and three managed orchards (M1, M2 and M3).
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Table 2. 1 Information on the seven orchards included in the study. All located in Hillsborough County,
NH. A3 and M3 are paired sites (across the road from each other), but access was lost to A3 after 2018
due to development.
Orchard
A1

Orchard Type

Apple cultivars
Macintosh on standard rootstock

M1

Abandoned (20
years)
Abandoned (5
years)
Abandoned (10
years)
Managed

M2

Managed

Macintosh on Standard Rootstock

M3

Managed

Macintosh on standard rootstock

M4

Managed

Macintosh on Standard rootstock

A2
A3

MacIntosh on standard rootstock
Cortland, Ida red, MacIntosh on standard
rootstock
MacIntosh, Zestar and Honeycrisp on Dwarf
rootstock in high density plantings

Years Sampled
2018, 2019,
2020
2018, 2019,
2020
2018
2018, 2019,
2020
2018, 2019,
2020
2018, 2019,
2020
2018, 2019,
2020

2.2 Soil Sample Collection and storage
Soil samples were collected in the summer (June-September) of 2018, 2019 and 2020.
Soil samples were collected from 4 replicate trees at each site. Trees were randomly selected
within the orchard, and trees on the edge of the orchard were excluded. At each tree, a soil core
was used to collect the first 10 cm of soil from 3 separate locations at the base of the tree and
combined into one composite sample placed in a Ziploc bag. If there was vegetation on top of the
soil the aboveground vegetation was scraped away. The core was rinsed with water and
disinfected with 70% Ethanol after each orchard to prevent contamination between sites. Soil
samples were stored on ice until they could be transferred to a freezer for storage. Subsamples
from each bag were placed in 1.5 ml centrifuge tubes and flash frozen in liquid nitrogen before
being stored in a -80°C freezer (Panasonic MDF-DU702VH-PA Ultra Low freezer) until DNA
extraction.
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2.3 Orchard soil analysis
Soils were characterized for moisture, water holding capacity (WHC), pH, electrical
conductivity (EC), and total and extractable C and N using routine protocols originating from
Klute et al. (1986) and the Ernakovich laboratory. Soil water content was determined by
weighing soils before and after drying for 48 h at 105 °C. Combustible C and N was measured
on dried (55 °C) and ground soils (Costech Instruments Elemental Analyzer) and then moisture
corrected. The pH and EC were measured in a 1:5 soil:DI water solution after stirring for 30 min.
2.4 DNA Extraction and PCR Amplification
Microbial DNA was extracted from each of the soil core samples using a Qiagen DNeasy
Power Soil Kit (cat. 12888, Qiagen, Hilden, Germany) following the Quick start protocol
provided by Qiagen. Genomic DNA was stored at -80 ºC after extraction. DNA in the samples
was quantified using a Qubit Fluorometer to ensure that each contained more than 6 ng/µL of
genomic DNA for further analysis. The soil microbiome was assessed using barcoded amplicon
sequencing of the ribosomal RNA gene for prokaryotes, specifically the V4-V5 515F-926 region
of 16S rRNA (Parada, Needham, & Fuhrman, 2016) and the ITS region for fungi, specifically
ITS1f-ITS2 (Schoch et al., 2012) following Earth Microbiome Project protocols (Caporaso et al.,
2012).
The V4-V5 was targeted with the following primer set: forward primer
GTGYCAGCMGCCGCGGTAA and reverse primer CCGYCAATTYMTTTRAGTTT (Parada
et al., 2016; Quince et al., 2011). The ITS1f-ITS2 region was targeted with: forward primer
CTTGGTCATTTAGAGGAAGTAA and reverse primer GCTGCGTTCTTCATCGATGC
(Walters et al., 2015). The primers were prepared by the UNH Hubbard Center for Genome
Studies (HCGS) at UNH (Walters et al., 2015). Target regions were amplified using a two-stage
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PCR process, one to amplify the region and a second to attach the indexes. All DNA samples
were diluted to 6 ng/µL with PCR grade water before being amplified. Twelve µL PCR
reactions were prepared with the following reagent concentrations: 1x DreamTaq Hot Start
(Thermo Scientific, Waltham, MA), 3.4 µM each primer, and 1 ng/µL template DNA. The PCR
conditions can be found in table 2.2 and 2.3:

Table 2. 2 PCR conditions used for 16S samples.
Temperature

Time

Cycles

Hotstart

95ºC

3:00

1X

Denaturation

95 ºC

0:30

35X

Annealing

55 ºC

0:30

35X

Extension

72 ºC

1:00

35X

Extension

72 ºC

5:00-15:00

1X

Temperature

Time

Cycles

Hotstart

94ºC

3:00

1X

Denaturation

94 ºC

0:30

35X

Annealing

52 ºC

0:30

35X

Extension

65 ºC

0:30

35X

Extension

65 ºC

10:00

1X

Table 2. 3 PCR conditions used for ITS samples.
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PCR results were confirmed by 1% agarose gel electrophoresis. No template controls were run
alongside all samples to identify possible contamination with each PCR cycle.
2.5 Sequencing and Bioinformatics
PCR products were sent to the UNH Hubbard Center for Genome Studies (HCGS; NSF
Core) where they underwent a final PCR with indexed, multiplexed primers and cleanup, before
sequences were collected on an Illumina HiSeq 2500 to a depth of approximately 50,000
sequences per sample(Illumina, 2013; Miya et al., 2015). Bioinformatics were performed using
the Qiime 2 pipeline (version 2019.4) with Dada2 to analyze prokaryote community
composition, richness, and evenness (Bolyen et al., 2019; Callahan, McMurdie, & Rosen, 2016).
2.5.1 16S Samples
Bioinformatics were performed with Qiime2 2019.4 (Bolyen et al., 2019) on Premise, the
high performance computing cluster at UNH. Once the demultiplexed sequence data was
imported to Qiime2, the 16S primers and primer linkers (Parada et al., 2016) were trimmed off
with Cutadapt (Martin, 2011). DADA2 was used to denoise the data to amplicon sequence
variant resolution (ASV) (Table 2.4) (Callahan et al., 2016). Feature tables from all 3 years were
merged using the feature-table merge and feature-table merge seqs plug in for the combined
analysis, while feature tables from all 3 years were also analyzed separately after this point. To
assign taxonomy, a native bayes classifier was trained on the Silva 132 99% OUTs reference
sequences (Quast et al., 2013) using the naïve Bayes methods in q2-feature-classify-sklern
(Bokulich et al., 2018). The q2-taxa filter table (Bolyen et al., 2019) was used to exclude
mitochondrial and chloroplast sequences from the data and sequences were then aligned with the
MAFFT option of q2-alignment (Katoh et al., 2002) for q2-phylogeny with fasttree2 (Price et al.,
2010).
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Table 2. 4 Qiime2 Dada2 parameters for each of the 3 years 16S data was collected.

Year

16S Dada2 Parameters

2018

-ptrunc-len-f 226, --ptrunc-len-r 224, --p-trim-left 0 and –p-trim-r-0

2019

-ptrunc-len-f 232, --ptrunc-len-r 231, --p-trim-left 0 and –p-trim-r-0

2020

-ptrunc-len-f 228, --ptrunc-len-r 231, --p-trim-left 0 and –p-trim-r-0

2.5.2 ITS Samples
Bioinformatics were performed with Qiime2 2019.4 (Bolyen et al., 2019) on Premise, the
high performance computing cluster at UNH. Once the demultiplexed sequence data was
imported to Qiime2, DADA2 was used to denoise the data to amplicon sequence variant
resolution (ASV)(Table 2.5) and trim primers and primers linkers off of the sequences (Callahan
et al., 2016). Feature tables from all 3 years were merged using the feature-table merge and
feature-table merge seqs plug in for the combined analysis, while feature tables from all 3 years
were also analyzed separately. To assign taxonomy, a native bayes classifier was trained on the
UNITE 99% (ASV) reference sequences (Nilsson et al., 2019) and run using the naïve Bayes
methods in q2-feature-classify-sklern (Bokulich et al., 2018). Sequences were then aligned with
the MAFFT option of q2-alignment (Katoh et al., 2002) for q2-phylogeny with fasttree2 (Price et
al., 2010).
Table 2. 5 Qiime2 Dada2 parameters for each of the 3 years ITS data was collected.

Year

ITSS Dada2 Parameters

2018

-ptrunc-len-f 251, --ptrunc-len-r 251, --p-trim-left 20 and –p-trim-r-20

2019

-ptrunc-len-f 251, --ptrunc-len-r 251, --p-trim-left 20 and –p-trim-r-20

2020

-ptrunc-len-f 251, --ptrunc-len-r 151, --p-trim-left 20 and –p-trim-r-20
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2.6 Data analyses
Statistical data analysis followed the same pipeline for 16s and ITS samples. Core
diversity metrics were calculated with QIIME using the q2-diversity plug in for alpha and beta
diversity analysis (Bolyen et al., 2019; Faith et al., 1987). Feature tables for each data set were
rarefied (Weiss et al., 2017) using the –p-sampling-depth metric to a to ensure even sampling
across different samples. Rarifying the samples resulted in the loss of a few samples in each data
set. All of the methods described below were used to analyze data from the three years
separately, and then additionally the three years were merged into a single feature table in
QIIME.
Beta Diversity metrics: Community composition differences were determined in QIIME using
(1) Permutational Multivariate Analysis of Variance (PERMANOVA) on Bray-Curtis
dissimilarities and (2) weighted UniFrac plotted using a principal components analysis (PCoA).
Alpha Diversity Metrics: In this study, the q2 plugin Shannon-group-significance was used to
compare H (Shannon’s diversity index) between the two types of orchards with a Kruskal-Wallis
non-parametric ANOVA. Faiths Phylogenic Diversity and Evenness metrics were calculated
with the q2 alpha-group-significance plug in and tested with a Kruskal-Wallis non-parametric
ANOVA.

3. RESULTS
3.1 Orchard Soil Analysis
Soil pH was significantly lower in Abandoned orchards (Mann Whitney, p<0.0001).
Abandoned orchards had significantly higher EC (Welch’s t-test, p<0.001), water holding
capacity (Welch’s t-test, p<0.001), combustible C:N (Welch’s t-test, p<0.001), percent carbon
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(Welch’s t-test, p<0.001), and percent nitrogen (Welch’s t-test, p<0.01). Refer to Appendix
figures A1-A6 for boxplots depicting the soil analysis results.
3.2 Prokaryotes:
Beta Diversity: Prokaryote community composition and diversity were found to be
significantly affected by site type (figure 2.2). This was true when samples collected over two
years were analyzed separately (2018: Pseudo-F= 3.503, P<.002, 2020: Pseudo-F=2.822,
P<.001) and all 3 years were combined (Pseudo-F= 2.7163, P<0.001). In 2019, community
metrics were not significantly affected by site type (Pseudo-F=1.364, P<0.121), but this may
have been due to low sample quality and the volumes of samples lost after processing.

Figure 2. 2 PCoA plots calculated with weighted UniFrac show that prokaryotic communities were
significantly different between managed and abandoned orchards in two of the years (2018 and 2020).
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Alpha Diversity: Shannon diversity (richness and evenness) was significantly different
between managed and abandoned sites in 2018 (H = 6.223, p<0.0126) but was not significantly
different in the other years and combined data set. The Shannon diversity of managed sites was
consistently higher (not significantly in 2019 and 2020) in all three years or sampling (figure
2.3). Faiths phylogenetic diversity was significantly different between managed and abandoned
sites in one year (2018) (P<0.006) and was higher in the managed sites. In the following two
years and the combined data set, Faith diversity was not significantly different between the sites.
Evenness was not significantly different between managed and abandoned sites in any of the
years.

Figure 2. 3 Box plots of Shannon diversity for 16S Samples. Note that Shannon diversity was only
significantly different in 2018. Box plots show median, interquartile range, and outliers.
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3.3 Fungi:
Beta Diversity: Fungal microbial community composition and diversity were found to be
significantly affected by site type (Figure 2.4). This was true when all three years were analyzed
separately (2018: Pseudo-F= 2.103, P<.001, 2019: Pseudo-F=2.377, P<.001and 2020: PseudoF=3.466, P<.001) and together (Pseudo-F= 2.01, P<.001).

Figure 2. 4 PCoA plots calculated with weighted UniFrac show that fungal communities were
significantly different between managed and abandoned orchards (PerMANOVA <0.001 for all).

Alpha Diversity: Shannon diversity (richness and evenness) was not significantly
different between site types for fungal microbial communities (Figure 2.5). Faiths phylogenetic
diversity was not significantly different in any of the data sets between managed and abandoned
orchards. Evenness was not significantly different (p>0.05) in any of the data sets between
managed and abandoned orchards.
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Figure 2. 5 Shannon diversity in fungal communities was not significantly different in abandoned or
managed orchards. Samples were analyzed as separate years: 2018 (a) p=0.218, 2019 (b) p=0.598, 2020
(c) p=0.232 and combined (d) p=0.3913. Box plots show median, interquartile range, and outliers.

4. DISSCUSSION
In this study, I found evidence to suggest that microbial communities from managed and
abandoned orchards are different in terms of beta diversity metrics, which supports part of my
hypothesis. This is the first study to compare effects of management on soil microbiomes in tree
fruits using managed-abandoned orchards as a model system.
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Beta diversity metrics were used to compare differences in species composition between
the managed and abandoned sites. In Prokaryotes, community composition calculated with BrayCurtis distances was significantly affected by site type in every year except 2019. In the PCoA
plots constructed with weighted Unifrac, there was clear separation between communities in
managed and abandoned orchards in 2020 and 2018, but the separation was not as clear in 2019
and the combined data set (figure 2.1). In the fungal analyses, community composition calculated
with Bray-Curtis distances was significantly affected by site type in every single year and the
combined data set. In the PCoA plots calculated with weighted Unifrac, there was clear
separation between communities in managed and abandoned orchards in all three years and the
combined data set (figure 2.3). The PCoA plots are based on phylogenic metrics and indicate
that the microbes in abandoned orchards are phylogenetically distinct from the microbes in
managed orchards in both prokaryotic and fungal communities. Further analysis is needed to
identify exactly how they are different in terms of taxonomy, species abundance, and other
variables, but this analysis proves that there are differences to explore in these previously
understudied systems.
In this research I studied their microbial compositions under management as a selective
pressure, compared that to the abandoned orchard soil microbiomes. A limitation of this study is
the inability to collect information about the soil microbiomes of our abandoned sites when they
were still being managed (i.e. before and after microbial communities profiles). Orchard “A1”
was abandoned 20 years ago, before analyses like the one in this study could be completed, so it
is an unavoidable limitation of this study. These results support my hypothesis that the
Prokaryotic communities are different between managed and abandoned orchards, and
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they strongly support the hypothesis that the fungal communities are different between
managed and abandoned orchards.
Alpha diversity metrics were used to study richness and evenness in the microbial
communities between the managed and abandoned sites. Shannon diversity is a quantitative
measure of community richness, including the numbers of species or features present in a
sample, and should not be confused with species diversity, which is often reported as a diversity
index (Spellerberg & Fedor, 2003). Alpha-diversity has been proposed as an indicator for
robust, healthy soil (Ferris and Tuomisto, 2015). Faiths phylogenic diversity quantifies species
richness by comparing branch lengths in a phylogenetic tree (Faith, 1992). Evenness is a
measure of how equal the quantitative amounts of each species in a sample, and compares that to
the greater community (Pielou, 1966).
In Prokaryotes, Shannon diversity and Faith phylogenetic diversity were only
significantly different in one year (2018), but both metrics were generally higher in managed
sites across the years and in the combined data set. Evenness was not different at all between the
two sites. This does not offer strong evidence that management type significantly effects
Prokaryotic species richness and evenness and did not support my hypothesis. In the
analysis of fungal communities, none of the alpha diversity metrics were significantly
different between the managed and abandoned sites, which did not support my hypothesis.
While the results are not unexpected, because it has been shown that land management
practices like fertilizer application (Jangid et al., 2008), pesticide use, and tillage practices (Frey
et al., 1999) affect soil properties and microbiome composition, this is the first evidence of
differences in this study system. These results are preliminary, and the data could be used to run
more analyses that would offer greater insight into the microbiome compositions, especially
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outside of the QIIME environment. Re-running or even re-extracting samples with low quality
scores and including them in the analysis would add more power to statistics. In the future, more
abandoned sites could be found to use as a comparison to the managed sites, as access was lost to
one of the abandoned sites after the first year, and there were more managed than abandoned
sites to sample. Additionally, locating paired managed and abandoned sites would add power to
the analysis, as these sites would have very similar soil and climactic characteristics. Soil
characteristics were collected from each site used in the 2018 analysis, and while not included in
this chapter, they could also be correlated to microbiome analysis, as soil properties have been
shown to effect soil microbiomes (Yurgel et al., 2017).
Overall, I can conclude that there are differences, especially in relation to Beta
diversity metrics, within the soil microbial communities between managed and abandoned
orchards. This study utilized marker gene analyses to gain a first look at microbial communities
in tree fruit orchards. Future studies should employ additional tools to gain greater resolution
with regard to species presence. Additionally, future work could investigate differences in
beneficial networks of microbes between managed and abandoned orchards. Learning more
about community composition within these orchards is the first step in determining how they
could be used in agriculture, but we still do not know the implications these changes in the
microbiome composition could have in terms of plant health. The functionality of these different
soil microbiomes is investigated in Chapter 3.
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CHAPTER 3: MICROCOSM INVESTIGATION OF SUPPRESSIVE SOILS IN
MANAGED AND ABANDONED ORCHARDS

1. INTRODUCTION
Plants interact with a diversity of microorganisms that play a significant role in their
health (Berendsen et al., 2012; Lugtenberg & Kamilova, 2009). These plant-associated microbes
are collectively referred to as the plant microbiome and are so important that they are considered
an extension of the plant genome (Turner et al., 2013). Soil and root-associated microbes
enhance plant access to nutrients, stimulate plant growth, induce physical and chemical changes
that enhance tolerance to stress, and directly or indirectly provide protection from plant
pathogens (Vacheron et al., 2013).
In agricultural settings, the phenomena of plant-pathogen suppressive soils has been
directly attributed to the soil microbiome (Schlatter et al., 2017; Weller et al., 2002). Suppressive
soils are soils where the combined microbial activity inhibits the growth and severity of plant
pathogens (Cook, 1983). Elimination of the soil microbes, by methods of fumigation, steam
heat, or others, renders the soil no longer suppressive to disease, proving that the presence of
active microbes is key to disease suppression (Schlatter et al., 2017). These soils typically fall
into two main categories – general or specific - and it is important to note that they are not
mutually exclusive and often occur at the same time (Cook, 1983). General suppression cannot
be attributed to just one interaction, as it occurs when overall microbial activity and biomass
inhibits the activity and colonization of plant pathogens – either by direct antagonism, resource
competition, or a combination of interactions (Cook, 1983; Weller et al., 2002). It is generally
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effective against pathogens that are poor competitors in the soil (Weller et al., 2002), and is non
transferrable (Cook & Rovira, 1976). Alternatively, specific suppression can be attributed to
single organism or group of microorganisms, and is transferrable (Cook & Rovira, 1976; Stutz,
1986; Wiseman et al., 1996). Researchers have proposed a few theories to explain how
suppressive soils develop. “Induced” suppression is attributed to the presence of susceptible
crop monocultures (Hornby, 1983; Weller et al., 2002). The classic example of induced
suppression is the take-all of wheat decline (Kwak & Weller, 2013), where soil suppressiveness
occurs after a severe disease outbreak the preceding year. “Long standing” suppressive soils will
remain suppressive in the absence of plants and monocultures and it can be much more difficult
to determine a singular reason for the soil suppressiveness (Weller et al., 2002). Formation of
suppressive soils has been studied in agricultural systems and the ultimate goal is to use this
information to promote healthy soils that keep pathogens in check (Busby et al., 2017).
The soil microbiome is a crucial component of agroecosystem productivity (Toju et al.,
2018). Utilizing the plant beneficial aspects of the soil microbiome has been identified as a way
to develop more environmentally sound agricultural practices but in order to do so, we need to
better understand how suppressive communities assemble, interact with plants, and are
influenced by the crop production environment (Lakshmanan, Selvaraj, & Bais, 2014). Research
has demonstrated that agricultural land management practices alter plant-associated microbial
communities (Garciá-Orenes et al., 2013; Jangid et al., 2008) which could leave plants at a
disadvantage due to the loss or alteration of those beneficial relationships (Toju et al., 2018;
Vacheron et al., 2013). Studies have found that soil microbiome communities tend to be more
diverse in organic production systems compared to conventionally managed production systems
(Bengtsson et al., 2005). While this information is valuable, these studies limit us to comparing
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differently managed systems to each other. Other studies have compared managed sites to those
with no management history to get a better picture of how management may affect microbial
community composition and function. Another relatively untapped study system that could prove
useful for understanding the effect of agricultural management on plant microbiomes are
abandoned agricultural sites. These sites may be considered better comparator systems as they
were once under management and have undergone years of microbiome assembly in the absence
of human involvement. As a result, abandoned agricultural land could serve as a model system to
study how land management influences soil microbes and their ability to help plant tolerate
stress.

There are very few studies comparing microbial community composition between

abandoned and managed systems, and even less investigating function. New Hampshire is home
to many managed and abandoned apple orchards, the latter of which still contain healthy and
productive apple trees. These sites are an untapped resource for studying the effects of
management practices on soil microbiome structure and function.
When it comes to soil microbiomes, recent advances in amplicon sequencing technology,
curated databases for sample identification, and drastically reduced sequencing costs have made
it relatively simple to determine microbial community composition (Levy et al., 2018). While
techniques like amplicon sequencing can tell us if proven plant beneficial species is present in a
sample, this data cannot be used to infer what ecosystem services those microbes are providing
(Levy et al., 2018). Another way to study microbiome function is through the use of
microcosms, which are artificial ecosystems that simulate the behavior of natural ecosystems
under controlled conditions (Roeselers, Zippel, Staal, Van Loosdrecht, & Muyzer, 2006).
Microcosms allow researchers to reduce variation and control for specific variables to more
accurately test hypotheses about the more complicated study system (Moore et al., 2016).
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Microcosms have been used extensively in soil ecology and soil microbiome research to learn
more about plant-microbe interactions and the roles microbes or groups of microbes play in
helping plants or ecosystems respond to stress and disturbances (Castaldini et al., 2005; Moore et
al., 2016). Microcosms have previously been used to study suppressive soils (citations – have
many), and can be used to study either general (non-transferable) or specific (transferable)
suppression (Weller et al., 2002).
The goal of this project was to study managed and abandoned apple orchards as a model
system to investigate the effects of site management history on microbe-mediated plant tolerance
to biotic stress, possibly due to the presence of suppressive soils. In this project I hypothesized
that soil microbes collected from abandoned orchards would enhance plant growth and reduce
soilborne plant disease severity compared to microbes collected from managed orchards. The
specific objectives were to:
1. To develop a high throughput radish damping-off microcosm assay to study soil
microbiome function related to plant health.
2. To determine if microbial slurries from managed and abandoned orchards affect plant
germination, emergence, disease severity, and the biomass of radish seedlings.
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2. METHODS
2.1 Study Sites:
To investigate the effects of land management history on plant tolerance to biotic stress,
four orchards were sampled representing two management types: abandoned and managed
(Table 3.1) cropped with several of the same cultivars. These are the same sites surveyed in
Chapter 2. All sites were located in Hillsborough County New Hampshire. Permission to access
and sample sites was obtained by UNH Extension specialist, George Hamilton. Abandoned sites
(A1- A2) were defined as sites that had previously been managed but left feral for at least five
years (this included no mowing or bushwhacking, no pruning of the trees, and no fungicide,
antibiotic, herbicide, or fertilizer applications). As a result, abandoned sites were overgrown
with other vegetation (Figure 3.1). Trees at the abandoned sites were grafted onto rootstocks.
Managed sites (M1-M2) were all conventionally managed (did not have organic certification)
using methods such as pruning, spraying, and mowing were to maintain the orchards, and fruit
was actively being harvested for sale. Managed site M1 consisted of three scion varieties grafted
onto the dwarfing rootstock Bud 9 and trees were growing on a trellising system (Figure 3.1).
Managed sites M2 consisted of Macintosh scion grafted onto a standard rootstock (Figure 3.1).
The managed sites were not pick-your-own orchards – they were harvested professionally for
wholesale purposes.
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Figure 3. 1 New Hampshire study sites. This figure depicts two managed
orchards (M1 and M2) and two abandoned orchards (A1 and A2).

Orchard

Orchard Type

Apple cultivars

A1

Abandoned (20 years)

Macintosh on standard rootstock

A2

Abandoned (5 years)

MacIntosh on standard rootstock

M1

Managed

MacIntosh, Zestar and Honeycrisp on
Dwarf rootstock in high density plantings

M2

Managed

Macintosh on Standard Rootstock

Table 3. 1 Information about the four orchards included in the study. All orchards were in Hillsborough
County, NH but none of the orchards were located directly next to each other (paired).
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2.2 Soil Sample Collection and preparation:
Soil samples were collected in August of 2020 from each of the four orchard sites. Bulk
soil samples were collected from 4 replicate trees at each site. Trees were randomly selected
within the orchard, and trees on the edge of the orchard were excluded. At each tree, a shovel
was used to collect approximately a gallon of soil from 2 locations at the base of the tree. If
there was vegetation on top of the soil the aboveground vegetation was scraped away. The
shovel was rinsed with water and disinfected with 70% Ethanol after sampling each orchard site
to prevent contamination between sites. Soil samples were stored on ice in Ziplock bags until
they could be transferred to a cold room (4 °C) for storage. Soil samples were sieved with a
2000 micron sieve (Fieldmaster #10, Yulee, FL) to remove roots, rocks and soil macrofauna
within a week of collecting samples. The sieve was washed with soap and water and sterilized
with 70% Ethanol between each sample to prevent contamination. Sieved soil was stored at 4°C
in Ziploc bags for approximately six months until it was used for the experiments.

Preparation of orchard soil slurries
Soil samples were prepared as a soil slurry, in which soil microbes were separated from
the soil and resuspended in solution as described by Zolla and colleagues (2013) (Figure 3.2)
with several modifications (Zolla, Badri, Bakker, Manter, & Vivanco, 2013). Specifically, for
each replicate soil sample 50g of sieved soil was mixed with 500 mL of sterilized reverse
osmosis water on a stir plate at 260 rpm for 1 hour. After mixing, the solution was allowed to
settle for 15 min, to let the soil particulates precipitate out. Next, 350 mL of the supernatant was
collected from the beaker with a serological pipette, and aliquoted into 50 mL conical tubes and

34

spun at 2000 RPM for 5 minutes at room temperature to remove the remaining soil particles
(Centra GP8R(F), 3128, Thermo IEC, Needham Heights, MA).
Immediately after the centrifugation step, the liquid supernatant was vacuum filtered
through 11 uM Whatman #1 filter paper (Cytiva, Marlborough, MA), using a Bucher funnel
filtration flask to remove any remaining mesofauna, such as plant parasitic nematodes. The
filtered sample was then stored at 4°C until needed for the microcosms. Slurries were stored at 4
ºC for no longer than 3 weeks, as reduced efficacy of the slurries was observed after 3 weeks in
preliminary trials (data not reported).

Figure 3. 2 Preparation of the soil slurries for microcosm experiments. Soil samples were collected from
4 trees per site, blended in sterile water, spun down to remove soil particles, and filtered to remove soil
mesofauna. The three slurry treatments (non-sterile, and water controls) were then added to the
coreesponding pots. Figure prepared using Biorender.
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To prepare sterilized control slurries, 150 mL of the non-sterile slurry solution was
autoclaved for 15 min on the liquid cycle (121ºC, 15 PSI) and then stored at 4°C. Sterilization
was confirmed by plating the slurry onto potato dextrose agar plates (PDA, Difco, Franklin
Lakes, NJ) and looking for bacterial and fungal growth after incubation at 20°C for 48 hours.
The presence of live microbes in the non-sterile slurries was also confirmed by plating on potato
dextrose agar plates and confirming the presence of bacterial and fungal colonies.
2.3 Pathogen preparation and inoculation
The ability of soil microbes from abandoned and managed orchards to confer tolerance to
biotic stress was assessed by exposing plants to the plant pathogen Rhizoctonia solani, which
causes damping-off and root rot on a wide host range (Agrios, 1997). R. solani strain BW-R,
isolated from radish, was obtained from Bioworks (Victor, NY) and identified as anastomosis
group (AG) 2-1 HK clade (sequenced by Dr. James Woodhall at the University of Idaho using
rDNA-ITS techniques). The pathogen was prepared as a rice grain inoculum (Kaderabek et al
2019). White rice grains (Riviana Foods Inc, Houston, TX) were hydrated with RO water (25 g
rice, 18 mL water) and autoclaved on a 30 minute liquid cycle (121C, 15 PSI) and cooled
overnight. R. solani BW-R was grown on PDA (Difco, Franklin Lakes, NJ) for seven days, then
ten 5mm colonized agar plugs containing hyphae and sclerotia were collected and added to the
beaker of sterile rice grains. The R. solani was allowed to colonize the rice grains for 7 days at
room temperature. Rice grains were ground with a mortar and pestle to approximately 2-mm
diameter particles before being added to the microcosms.
2.4 Experimental design:
A controlled environment microcosm experiment was designed to investigate the effects
of soil microbes collected from each orchard on plant growth and tolerance to biotic stress. I
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choose to use the R. solani-Radish model system (Krause et al, 2001) to test my hypothesis. This
damping-off assay is high-throughput and quick, allowing us to survey several treatments
simultaneously and avoid the issue of using apple seedings, which are not true to type, or grafted
rootstocks and scions, that are too large for a high throughput growth chamber system. Because
general suppression of pathogens can decline over time, short-term assays are best suited to
study a substrate’s ability to support or suppress pathogens. Each replicate sample was used to
prepare a microbial slurry that was used to treat a plant in one pot. The experiment consisted of a
2 x 2 x 2 factorial with two orchard management types (managed, abandoned), 2 soil treatments
(sterilized, non-sterilized) and two stress treatments (pathogen, no-pathogen). The experiment
was repeated 6 times. Treatments were arranged in a split-plot randomized bock design in
which pots were placed on shelves in a walk-in-growth room (Figure 3.3). Each block,
consisting of two trays each with twelve pots, represented a biological replicate (tree) from each
of the orchards. Blocks were assigned to a shelf. On each of the shelves, one tray served as a
control tray (no R. solani) and one served as a disease tray (R. solani present) to prevent
contamination of the controls with R. solani. Each tray contained pots inoculated with the 2
slurry treatments (non-sterile, sterile) from each orchard and the water control pots. Pots within
each tray were randomized and the trays were randomly placed on four shelves in the growth
chamber (Figure 3.3). All components were ultraviolet light sterilized before use. Humidity
domes (Greenleaf Hydroponics, Oshawa, Canada) were placed over each tray for the first 48
hours to retain moisture in the pots.

37

Figure 3. 3 Layout of treatments on each shelf in the growth room. Each shelf held two trays representing
a single replicate from each orchard. Each tray contained one pot inoculated with the 2 microbial slurry
treatments (non-sterile, sterile) from each orchard and water control pots. A1 and A2 were slurries from
abandoned sites while M1 and M2 were slurries from managed sites, and W indicated water controls.

2.5 Establishment of microcosm experiments:
Microcosms were established in a walk-in growth room in which a peat moss-based
potting mix was used as a the medium to grow plants (Promix Bx,Premier Tech Horticulture,
Quakertown, PA). The workflow is outlined in figure 3. The potting mix was hydrated to 70%
water holding capacity with reverse osmosis water and autoclaved once for 60 min at 121C and
15 PSI. The peat mix was allowed to cool for 24 hours and then loosely distributed into 7.62cm”
square pots (Griffin Greenhouse supplies, Tewksbury, MA), placed in 85 mL square weigh boats
(10803-148, VWR), which were then placed in 23cm x 53cm trays (Griffin Greenhouse supplies,
Tewksbury, MA). The weigh boats were used to prevent pot to pot contamination.
R. solani inoculum was added to each pot by placing 0.125g of infested rice to each pot.
The inoculum was then mixed into the first few centimeters of soil using a sterile scoopula to
ensure equal distribution of the inoculum throughout the top layer of growing media. Control
pots were “inoculated” with 0.125 g of sterile ground rice.
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Early Scarlet Globe (Seed Savers Exchange, SKU: 0419 P250) radish seeds were surface
sterilized by rinsing with 10% bleach for 1 minute, then rinsing 2X for 1 minute with sterile
water. Twenty-five seeds were sown into each pot (Figure 3.4).

Figure 3. 4 Workflow for setting up the microcosms after the slurries are made. Image made in
Biorender.

Once the soil, inoculum, and seeds had been added to each pot, 10 ml of the
corresponding soil slurries were added with a serological pipette directly onto the seeds and the
soil. Water control pots were inoculated first, then the sterile slurries, then the non-sterile slurry.
Each pot was inoculated with only one type of slurry. The water controls consisted of sterile RO
water and sterile potting soil. Sterile scoopulas were then used to mix the seeds into the first
centimeter of soil to encourage germination and spread them evenly across the pot.
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Microcosms were kept in controlled temperature chamber at 21°C with 70% humidity. The
plants were grown under Lithuania T5 florescent lights (Lithuania lighting, Conwyers, GA) for
24 hours a day for 7 days. Humidity domes were kept on the trays, with the vents open, for 48
hours and then removed to prevent the pots from drying out. The pots were not watered at any
point during the experiment.
2.6 Data collection:
Seven days post seeding, Percent germination was determined by counting seedlings that
germinated and dividing by the total number of seeds sown. Damping-off disease incidence and
severity was scored on a 1-5 scale as described by Krause et al (2001) with a few modifications
(Figure 3.5). Above ground fresh biomass was recorded immediately after seedlings were cut
just above the soil line with scissors. Dry biomass was recorded after seedlings had been dried at
60°C for 48 hours in a Precision Gravity convection incubator (2EG, ExpotechUSA, Houston,
TX).

Figure 3. 5 The disease scale used to determine disease severity in the radish seedlings from 1 (healthy)
to 5 (never germinated).
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Seedling emergence was assessed using pictures from the R. solani infected pots. A
seedling was counted as “emerged” if the cotyledons could clearly be seen in the photo. Even if
seedlings had collapsed by the time the photo was taken (due to severe disease symptoms), it was
counted if it had the fully formed cotyledons (Figure 3.6).

Figure 3. 6 Examples of pots infected with R. solani
that were used for the emergence counts. Seedlings
were counted if cotyledons were fully formed. Picture
labeled 1 = 1 seedling emerged, 2 = 2 seedlings, 3 = 3
seedlings (even though one has collapsed) and 4 = 4
seedlings.

41

2.7 Data Analysis/Statistics:
All analysis were performed in R (version 1.4.1106 ,“Tiger Daylily” © 2021).
Analysis of variance (ANOVA) was used to determine the effects of slurry type and orchard type
on mean disease severity. Mean disease severity categorically ranged from 1 to 5 and was
transformed to a linear scale (R* = (R1.5 -1)/1.5) following the methods of Krause et al (2001).
The six replicate experiments were analyzed separately.

3. RESULTS:

3.1 Plating of microbial slurries
The presence of bacterial and fungal microbes in the non-sterile slurries was confirmed
by observing vigorous growth of both on PDA (Figure 3.7). Sterile slurries and water controls
were confirmed to be sterile by observing no growth on PDA.
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Figure 3. 7 Non-sterile slurries plated on PDA. The 1-4 on the horizontal access refer to biological
replicates 1-4.

3.2 Effect of slurry treatment on damping-off disease severity
I only observed significant differences in mean disease severity between all of the R.
solani infested and non-infested control pots (P <2e-16). I did not observe any significant
differences in disease severity among orchard treatments or soil slurry treatment in any of the six
replicate experiments. Only two non-inoculated control pots were found to be contaminated with
R. solani across the 6 replicate experiments.
3.3 Biomass:
I observed significant differences in biomass between R. solani infested and non-infested
pots (P<2e-16). I did not observe any differences in fresh and dry biomass among orchard
treatments or soil slurry treatments in any of the six replicate experiments.
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3.4 Emergence
There was no difference (P>0.05) in percent emergence within orchard type (i.e.,
emergence was similar in pots treated with A1 and A2 or between M1 and M2). Therefore, the
data from two orchards within each category were combined for further analysis. I observed a
significant effect of management on seedling emergence (Figure 3.8). There was nearly 2x more
emerged seedlings in the pots treated with the non-sterile slurries from abandoned orchards
compared to those inoculated with sterile water (p=0.0126). I observed a trend in which percent
emergence of plants treated with non-sterile slurries from abandoned orchards tended to be
higher compared to plants treated with non-sterile slurries from managed orchards (P=0.11),
however this was not significant. The sterilized slurry reduced emergence in abandoned
treatments, but not the managed treatments (Figure 3.8).

Figure 3.8 Mean percent emergence (across 6 replicate experiments) of radish plants treated with
sterilized or non-sterilized slurries from abandoned (A1 and A2) or managed (M1 and M2) orchards. Pots
were inoculated with slurries and infested with R. solani at the time of planting.
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4. DISCUSSION
I investigated soil microbes collected from abandoned and managed orchards for the
ability to promote growth and suppress disease using a radish-damping-off model system.
Specifically, microcosms were established to test my hypothesis that soil slurries prepared from
abandoned orchards would be naturally more suppressive to disease compared to slurries from
managed orchards. While we did not see differences in disease severity, I found that average
percent of emergence in pots treated with non-sterile abandoned slurries was significantly higher
than the water control pots. When comparing the non-sterile abandoned slurries to the nonsterile managed slurries, there was also a trend that the abandoned slurries had higher average
emergence counts. This indicates that some interaction is occurring in the soil to reduce the
disease stress on the radish seedlings. This study is a first indication that abandoned orchards
may be more disease suppressive than managed orchards however, additional studies with
more sample sites are needed to confirm these preliminary findings.
In chapter 2, I found that the microbial communities in managed and abandoned differed
with respect to beta diversity metrics. Taken with the results from this study, there is evidence to
suggest that microbial communities in the NH abandoned orchards are unique from managed
orchards and these differences have implications on community function. When the slurries from
both orchard types were sterilized, lower emergence counts were observed in the sterile
abandoned slurries than with the sterile managed slurries (Figure 3.8), which is a clear indication
that the microbial communities in the abandoned orchards play a key role in suppressing disease.
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While I cannot attribute what was observed in this study to a single microbe or group of
microbes in the abandoned soils, we do know that higher levels of microbial activity and biomass
can lead to the suppression of pathogens in soil (Chen, 1988; Hoitink & Boehm, 1999) and is a
key factor of suppressive soils (Weller et al., 2002). The biological suppressiveness (and
conduciveness) of soils is affected by many different factors, which can include the microbial
degradation of organic components, resource competition between different groups of microbes,
microbial activity and microbial biomass (Hoitink & Boehm, 1999). Generally suppressive soils
are the most effective against pathogens that are poor competitors for resources, like Pythium spp
(Chen, 1988; Whipps & Lumsden, 1991). However, Rhizoctonia solani does not fall into the
non-competitive category, because in addition to being a facultative saprophyte it also forms
sclerotia, which are long-lasting survival structures (Agrios, 1997). Due to the competitiveness
of R. solani and how difficult it can be to control once it is established in a field, it is thought that
general suppression due to high microbial activity would not be as effective at suppressing R.
solani as specific suppression would (Nelson and Hoitink, 1982, Kwok et al 1987, Scheuerell et
al 2005). For example, several fungal Trichoderma species are antagonistic towards R. solani
(Chet et al., 1981; Elad, 1980; Melo & Faull, 2000) and several bacterial biocontrol agents,
including Pseudomonas fluorescens (Nagarajkumar et al., 2004) and Bacillus subtilis (Cheng et
al., 2012). Mycoviruses that confer hypovirulence have also been studied as potential biocontrol
options (Abdoulaye et al., 2019; Zheng et al., 2014). Finally, there have been discoveries of
naturally suppressive soils to R. solani (Garbeva et al., 2006; Hayden et al., 2019, 2018). Based
on the study design, I cannot conclude if my observations are due to specific or general soil
suppression. A common way test for specific suppression is to take a small portion the soil in
question and add it to a sterilized and “receptive” soil base – essentially removing any physical
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soil characteristics and just transferring the microbes to the new system (Weller et al., 2002). If
the soil suppressive properties are still seen after this, it can only be attributed to the microbes.
In this study, soil slurries were made from the orchard soils, and put through centrifugation and
filtration steps to ensure only the microbial components were applied to the microcosms, so it its
plausible that specific suppression is occurring here, but we cannot identify what microbes are
specifically suppressing the R. solani. Based on the results, and evidence that R. solani is
susceptible to suppressive soils – I hypothesize that that the abandoned orchards in this
study contain microbes or microbial networks that are specifically suppressive to R. solani.
While the disease severity and biomass measurements did not yield significant
differences between treatments other than the water controls, the significant differences between
emergence counts suggests that the abandoned orchards are more suppressive than the managed
orchards. The lack of significance in disease severity could be related to the disease scale or the
disease pressure in the microcosms. In the disease scale used in this study a score of a 1
represented a healthy plant with vigorous growth and score of a 2 represented a plant with
stunted growth but no sign of R. solani infection. Then a score of a 3 represented mild R. solani
symptoms. The scale we used may have failed to capture the spectrum of mild-moderate
symptoms of disease leading to too much symptom variation on plants assigned a 3. We also
expected the biomass measurements to yield differences, due to the quantitative nature of the
data, even when the disease severity may have failed to do so, but that was not the case. While
disease severity scales are subjective, they are commonly used in plant pathology research, and
they are a well-recognized method to determine disease severity. Based on my experience, if
future experiments were to be done with R. solani in these microcosms, several factors would be
adjusted. Firstly, mild R. solani disease symptoms would have to be easier to recognize using a
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hand lens to search for the small “bites” found in the stems. Additionally, the scale could be
adjusted in which a score of 2 represents mild symptoms and/or stunting and a 3 represents
lesions covering a greater percentage of the root surface. . Despite the time spent determining
the proper dosage of R. solani inoculum, disease was still severe in the water controls. Perhaps a
different, slightly less vigorous R. solani strain could be used to obtain mild-moderate disease
severity that would provide for greater resolution between treatments. Finally, another limitation
of the study or source of error could be the method used to apply microbial slurries to the
microcosms. In the current study, the seeds, microbial slurries, and pathogen were added on the
same day, often within an hour of each other. One of the main reasons why this system was
chosen was because it could be done quickly, over the course of a week, and repeated many
times. However, this approach does not provide the microbes time to establish in the soil or on
the emerging radish radicle before the R. solani was added. Future studies could address this by
(1) adding the microbial slurries to the soil and seeds a day or two before adding the R. solani or
(2) adding the microbial slurries to the just the soil, incubating it for a day, then adding the seeds,
waiting a day, then adding the R. solani.
In summary, this study provides evidence that the soil microbes from abandoned orchards
– and perhaps other abandoned ecosystems – could play an important role in increasing plant
resilience to biotic stressors like disease in future agricultural settings.

CHAPTER 4: CONCLUSIONS

The objectives of this study were to: (1) Compare abandoned and managed orchard soil
microbiome composition and diversity using amplicon sequencing of prokaryotes and fungi
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(using 16S and ITS marker genes), and (2) study microbiome function as it relates to plant
resilience to stress, by developing a high throughput radish damping-off microcosm assay to test
microbial slurries from different orchard types. I found that the soil microbiomes of abandoned
and managed orchards are different, especially in terms of beta diversity, and the soil
microbiomes in abandoned orchards appear to be more disease suppressive to R. solani than the
soils from managed orchards. This study is a first indication that abandoned orchards may be
more disease suppressive than managed orchards, however, additional studies with more sample
sites are needed to confirm these preliminary findings. This research adds to the small selection
of literature on abandoned agroecosystems and provides evidence that management, or the lack
thereof, effects soil microbiomes in such a way that it can also impact plant health.

4.1 Diversity metrics in Managed and Abandoned sites

4.1.1 Beta Diversity metrics were significantly affected by site type
In terms of beta diversity metrics, calculated with Bray Curtis distances and weighted
unifrac, both Prokaryotic and Eukaryotic communities were significantly affected by whether a
site was managed or abandoned. Similarly, Yurgel and colleagues (2017) found that the beta
diversity of rhizosphere soil eukaryotic and bacterial communities, from managed and wild
blueberry populations, were also significantly affected by site type (Yurgel et al., 2017). They
found that differences in Eukaryotic communities were correlated with soil properties, including
pH, in the wild blueberry sites (Yurgel et al., 2017). Soil pH has been identified as a factor that
influences soil fungal communities (Li et al., 2016; Siles & Margesin, 2016; Wang et al., 2015),
and could have been a factor in the apple orchard microbiomes as well (Abandoned sites had
significantly lower soil pH than managed sites). In Prokaryotic communities, Yurgel found that
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differences were correlated with the change in associated plant communities more than with
changes in soil properties (Yurgel et al., 2017). The abandoned orchard sites in this study
contained much more diverse plant communities than the managed sites and included grasses,
shrubs and early successional tree species (anecdotal observation), similar to the wild blueberry
sites samples in Yugel’s study. Finally, host plant specificity plays an important role in
rhizosphere microbiome assembly (Bakker et al., 2014) – and that specificity can be affected by
the genotype of the host plant, its age, nutritional requirements, and levels of stress it is exposed
to (Lareen et al 2016). The blueberry plants at the managed sites in the Yurgel study, and the
apple trees in the managed sites in my study, were under a fertilizer and disease management
regime that could have effected recruitment in a way that altered beta diversity(Yurgel et al.,
2017). Additionally, the trees in the abandoned orchards, especially A1, which was abandoned
for 20 years, were much older than some of the trees at the managed sites, especially M1, where
the trees were only 5-6 years old at the time of sampling.
In another study comparing wild, organically managed, and conventionally managed
olive grove soil rhizosphere diversity and functionality, soils from wild olive groves had the
higher microbial diversity and enzymatic functionality values compared to managed sites
(Montes-Borrego et al., 2013). Beta diversity between the sites was addressed with Bray Curtis
similarities plotted on a two dimensional NMDS, which placed the wild sites distinctly between
the organically and conventionally managed sites, showing that the soil microbiomes in the wild
olive sites were clustered separately from both types on management (Montes-Borrego et al.,
2013). Montes-Borrego and colleagues hypothesized that the lack of herbicides and pesticides in
the organic and wild systems, as well as differences in soil health metrics like soil organic
matter, organic carbon and nitrogen content and the C:N ratio, led to the differences in microbial
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and enzymatic diversity(Montes-Borrego et al., 2013). The lack of herbicides and pesticides
could also apply to the results seen in my apple orchards.

4.1.2 Alpha diversity metrics were generally not affected by site type
Eukaryotic communities in managed and abandoned apple orchards were not different in
terms of alpha diversity metrics, while Prokaryotic communities were only significantly different
in one out of three years sampled, with the Shannon diversity being significantly higher in
managed sites in 2018. Yurgel and colleagues (2017) reported similar results in Eukaryotic
communities in managed and wild blueberries with no significant effect of site type, but
Prokaryotic communities were found to have significancy higher species richness in managed
sites (Yurgel et al., 2017). Yurgel and colleagues attributed the increase in Prokaryotic richness
to differences in plant communities in the wild sites, as there is evidence that the richness and
evenness of plant communities, through host section and root secretions, can affect the
subsequent alpha diversity metrics of richness and evenness of soil bacterial communities
(Lamb, Kennedy, & Siciliano, 2011; Yurgel et al., 2017). While the Shannon diversity in my
apple orchards was only found to be significantly higher in one year (out of 3), the differences in
vegetation between orchard types and within the three different abandoned orchards could have
contributed to this singular result. In a study comparing managed cropland soil microbiomes to
those that had been abandoned from 1-110 years, fungal alpha diversity metrics were
significantly affected by distinct vegetational successional stages, but were not correlated with
stand age (Zhang et al., 2018), supporting the fact that even though my sites were abandoned for
5, 10, and 20 years, they may not have been different enough in terms of plant successional
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communities to support changes in the richness and evenness metrics in the soil fungal
communities.

4.2 Potential disease suppressiveness of Abandoned orchard soil microbiomes

4.2.1 Evidence of specific suppression of Rhizoctonia solani by microbes found in abandoned
orchards
In the radish-R. solani microcosm study, the non-sterile slurries from abandoned orchards
significantly impacted percent emergence counts, a measure of disease suppression, compared to
the water controls. There was also a trend that the non-sterile slurries from abandoned sites had
higher emergence counts than the non-sterile slurries from managed sites. Sterilization of the
slurries resulted in a decrease of emergence counts in the abandoned orchard slurries, but not in
the managed orchard slurries, indicating that the soil microbes in the abandoned orchards were
an important factor in suppressing R. solani in the microcosms. Disease suppressive soils are
directly linked to the soil microbiome, as fumigation of these soils results in a loss of the disease
suppression (Kwak & Weller, 2013; Weller et al., 2002). This study provides the first evidence
of disease suppressive soils in abandoned apple orchards. R. solani is an aggressive competitor
within the soil microbiome, and researchers have suggested that the pathogen is best controlled
by the mechanism of specific suppression, via direct antagonism (Nelson and Hoitink, 1982,
Kwok et al 1987, Scheuerell et al 2005). Therefore, I believe that the abandoned soils contained
one or more organisms that suppressed R. solani damping-off that were not present in the
managed orchards. We know that R. solani is susceptible to specific suppression in managed
apple orchards already (Mazzola, 2007). Suppression of R. solani AG-5 can be induced with the
application of wheat or brassica seed meal to conventionally managed orchard soils to increase
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populations of antagonistic fluorescent pseudomonads and streptomyces species (Mazzola,
2007). Understanding the interactions occurring in my abandoned orchards and what microbe is
specifically acting against R. solani AG 2-1will provide another avenue to explore disease
suppression in apple orchards.
4.2.2. Abandoned Orchards could be a source of novel biocontrol agents
While there are not many examples in the literature of screening abandoned agricultural
soil for disease suppressiveness, the wild crop relatives in several systems have been explored as
sources for novel biocontrol agents. Within a collection of over 675 bacterial isolates from the
rhizosphere soil of wild olives, over 94% displayed direct antagonism towards the pathogen
Verticillium dahliae (Aranda et al., 2011). Isolates collected from the bulk soil, roots, and leaves
of Malus trilobata (wild apple) were found to be antagonistic towards Botrytis cinerea and
Pennicillum expansum, and showed promise as a post-harvest application treatment to control
disease (Khoury et al 2021). Endophytic isolates of fungi from wild cacao trees in Panama,
growing in reclaimed farmland, displayed antagonism via resource competition to three
commercially significant cacao diseases (Mejía et al., 2008). My results, indicating specific
suppression of R. solani, show that abandoned ecosystems are an underexplored resource for
novel biocontrol agents, just as wild crop relatives have shown potential in this area.
Bosso and colleagues (2017) reported that the number of soil-borne plant pathogens
decreased while the abundances of beneficial and other fungal species remained consistent as
agricultural land was abandoned and re-colonized by early successional species (Bosso et al.,
2017). This indicates that while the pathogen may no longer be present in the system after years
of abandonment, there are still microbes present that could help the plant fend off an attack from
a newly arrived pathogen, and this could explain what was observed with the non-sterile slurries
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and emergence counts. Additional studies of soil from abandoned agroecosystems, challenged
with pathogens susceptible to different mechanisms of suppressive soils, are needed to better
understand the mechanisms of suppression at play in this study system.
4.2.3. Disease suppressiveness could have been due to plant metabolites
While the observation that the suppressiveness of the slurries from the abandoned
orchards dropped after sterilization strongly indicates that microbes play an important role in
suppressing disease caused by R. solani in my system, the dynamic nature of soil microbiomes
implies that a combination of many factors could be suppressing the R. solani. Pathogen
suppression may not just be a microbial phenomenon. Plants employ many chemical
compounds, commonly referred to as secondary metabolites or plant metabolites, to protect
themselves from biotic and abiotic stressors (Neilson et al., 2013). In this study, I did not
characterize secondary metabolites in the soil slurries, but these compounds would have
persisted through the slurry creation process. Consequently, the disease suppressiveness seen in
pots treated with non-sterile slurries could have been partly due to presence of secondary
metabolites. Plants produce these compounds when under stress (Sudha & Ravishankar, 2002),
and the trees in managed and abandoned orchards were under different levels of abiotic and
biotic stress when the soil samples were collected. The trees in abandoned orchards could have
been under higher disease pressure, as the managed sites were sprayed regularly to prevent
pathogenic build up. In future work, we could identify these compounds from frozen slurry
samples. While secondary metabolites could have played a role, if it was a main driver behind
disease suppression, I would not expect the slurry sterilization to influence the results. Since
sterilization influenced emergence in pots treated with abandoned slurries, it is more likely that
the affects were microbe mediated. It is possible that plant secondary metabolites unique to
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abandoned sites played a role in recruitment of plant-beneficial or pathogen suppressive
consortia of microbes.
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APPENDIX
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A1. Soil Properties

Figure A. 1 Soil pH in managed and abandoned orchards (results from orchards A1-A3 and M1-M4 were
combined into the two categories for analysis. pH was significantly lower in abandoned sites (Mann
Whitney, p < 0.0001). Figures contain the median line, mean (x), interquartile range and outliers.

Figure A. 2 Soil EC in managed and abandoned orchards (results from orchards A1-A3 and M1-M4 were
combined into the two categories for analysis. pH was significantly higher in abandoned sites (Welch’s ttest p<0.001). Figures contain the median line, mean (x), interquartile range and outliers.
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Figure A. 3 Soil Water Holding Capacity (WHC) in managed and abandoned orchards (results from
orchards A1-A3 and M1-M4 were combined into the two categories for analysis. WHC was significantly
higher in abandoned sites (Welches t-test, p<0.001). Figures contain the median line, mean (x),
interquartile range and outliers.

Figure A. 4 Soil Percent Carbon in managed and abandoned orchards (results from orchards A1-A3 and
M1-M4 were combined into the two categories for analysis. % Carbon was significantly higher in
abandoned sites (Welches t-test, p<0.001). Figures contain the median line, mean (x), interquartile range,
and outliers.
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Figure A. 5 Soil Percent Carbon in managed and abandoned orchards (results from orchards A1-A3 and
M1-M4 were combined into the two categories for analysis. % nitrogen was significantly higher in
abandoned sites (Welches t-test, p<0.01). Figures contain the median, mean (x), interquartile range and
outlier.

Figure A. 6 Soil Combustible C:N in managed and abandoned orchards (results from orchards A1-A3
and M1-M4 were combined into the two categories for analysis. C:N was significantly higher in
abandoned sites (Welches t-test, p<0.001). Figures contain the median line, mean (x), interquartile range
and outliers.
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